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Even within small organs like pancreatic islets, different endocrine cell types and subtypes form a
heterogeneous collective to sense the chemical composition of the extracellular solution and compute
an adequate hormonal output. Erroneous cellular processing and hormonal output due to challenged
heterogeneity result in various disorders with diabetes mellitus as a flagship metabolic disease.
Here we attempt to address the aforementioned functional heterogeneity with comparing pairwise
cell-cell cross-correlations obtained from simultaneous measurements of cytosolic calcium responses
in hundreds of islet cells in an optical plane to statistical properties of correlations predicted by
the random matrix theory (RMT). We find that the bulk of the empirical eigenvalue spectrum
is almost completely described by RMT prediction, however, the deviating eigenvalues that exist
below and above RMT spectral edges suggest that there are local and extended modes driving the
correlations. We show that empirical nearest neighbor spacing of eigenvalues follows universal RMT
properties regardless of glucose stimulation, but that number variance displays clear separation from
RMT prediction and can differentiate between empirical spectra obtained under non-stimulated
and stimulated conditions. We suggest that RMT approach provides a sensitive tool to assess the
functional cell heterogeneity and its effects on the spatio-temporal dynamics a collective of beta cells
in pancreatic islets in physiological resting and stimulatory conditions.
INTRODUCTION
Pancreatic islets are collectives of endocrine cells.
Based on the end hormone that these cells exocytose in a
Ca2+-dependent manner after being stimulated, several
types of cells have been described to compose an islet,
with 3 dominant cell types: alpha, beta and delta [1].
Islets from different parts of pancreas can contain dif-
ferent fractions of each of these cell types, but the bulk
cellular mass in a typical islet is in an non-diabetic or-
ganism composed of a collectives of insulin secreting
beta cells [2, 3]. Early studies assumed these beta cell
collectives to be a rather homogeneous population of
cells, however, the subsequent functional analyses have
revealed a remarkable degree of heterogeneity even in
dissociated beta cells in culture. The beta cells were
found to differ in a number of physiological parameters,
among others in glucose sensitivity and Ca2+ oscillation
pattern [4], electrical properties [5], redox states [6], or
pattern on cAMP oscillations [7]. These early quests [8]
have been mostly searching for morphological, physiolog-
ical and molecular features that would presumably satisfy
at least 3 criteria: a) entitle special roles for individual
cells within the collectives, b) remain valid even after
cell dissociation, and c) enable to trace embryonic and
postnatal development as well as changes during patho-
geneses of different forms of diabetes. Recent onset of
efficient high-throughput analyses has catapulted these
approaches on mostly dissociated cells to a completely
new level and enabled identification of a multitude of
functional and non-functional subpopulations with their
functional characteristics, gene and protein expression,
incidences and diabetes-related changes (for a recent re-
view refer to [9]). One of the main results of these
analyses is that the subpopulations described in differ-
ent studies have relatively little in common and currently
their translational relevance is limited. This is, however,
not surprising since these approaches primarily deal with
sample averages and present merely a small number of
discrete snapshots of a very dynamic complex activity.
Nevertheless, they turned out to be extremely useful in
an attempt to construct a pseudotime map of the se-
quence of events in pancreatic endocrine system [10] and
its interaction with the immune system [11] during the
progression of type 1 diabetes mellitus (T1D) in humans.
The fact is that most of what we know about pancre-
atic beta cells has been gained by studying dissociated
beta cells in cell culture. Therefore, even phenomena
that can only be observed in isolated groups of electrically
coupled beta cells, like electrical activity [12] or cytoso-
lic Ca2+ oscillation, are currently still mostly modelled
within the framework of a single cell excitability [13, 14].
However, each beta cell interacts with several immediate
and distal neighboring cells in a pancreatic islet, implicat-
ing high-ordered interactions between a large number of
elements. Therefore, there is a rich exchange of signals
within such a beta cell collective, both through direct
cell-cell coupling [15] as well as through paracrine sig-
nalling [16, 17]. Such an organisation necessarily yields
a complex response patterns of cell activity after stim-
ulation with physiological or pharmacological stimuli.
Until recently, the richness of cell-cell interactions also
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2could not be experimentally documented. However, re-
cent technological advancements made it possible to use
various optical tools to address these issues [18]. For ex-
ample, the functional multicellular imaging (fMCI) en-
abled completely new insights into our understanding of
a beta cell in an islet as a biological network [19–21]. The
dynamics of a measurable physiological parameter can
namely be recorded in hundreds of beta cells within their
intact environment [22, 23] simultaneously. The mea-
sured oscillatory cytosolic Ca2+ concentration changes,
which are required to drive insulin release turned out to
be a practical tool to trace cellular activity and funda-
mental to study their interactions in such big collectives
[19–21]. With the use the tools of statistical physics we
constructed, for example the network topology in beta
cell activation, activity and deactivation during transient
glucose challenges [20, 24–26]. As in some other, previ-
ously analysed biological systems, also for the pancreatic
islets, the minimal model incorporating pairwise interac-
tions provides accurate predictions about the collective
effects [27, 28].
Along these lines we have recently shown that beta cell
collectives work as a broad-scale complex networks [20,
24, 29], sharing similarities in global statistical features
and structural design principles with internet and social
networks [30–34]. In addition to complex network de-
scription when strong cell-cell interaction are primarily
taken into account, the analyses of weak pairwise in-
teraction enabled us to use a spin glass model [28], as
well as the assessment of self organized criticality [35–
37], (ref Stozˇer this issue) also often found in biological
samples [27]. The important result from these functional
studies is that a faulty pattern of hormone release due to
deviating numbers of individual cell types or changes in
their function lead to one of the forms of a large family
of metabolic diseases called diabetes mellitus [17, 38–41].
The basic object that we study here is the correlation
matrix C with elements computed from measured Ca2+
signals:
Corr(yi, yj) = Cij =
〈yiyj〉 − 〈yi〉〈yj〉
σiσj
, (1)
where yi(t) is the i-th time series of Ca
2+ signal out of
N signals measured simultaneously in a collective of pan-
creatic beta cells.
Random matrix theory [42, 43] (RMT) is concerned
with statistical properties of matrices with random ele-
ments. Applying RMT to correlation matrices, we study
the spectrum of the correlation matrix C given by the
set of its eigenvalues λn:
Cun = λnun, (2)
where un are the corresponding eigenvectors.
Statistical properties of the spectra of random corre-
lation matrices for N uncorrelated time series with M
random elements where q = N/M is finite in the limit
N,M → ∞ are known analytically [44, 45]. The eigen-
value probability density is:
ρ(λ) =
1
2piqλ
√
(λ+ − λ)(λ− λ−), (3)
where the spectral boundaries are:
λ± = (
√
q ± 1)2 (4)
When the spectrum of the correlation matrix is un-
folded [43] by mapping eigenvalues λk → ξk so that the
probability density of the unfolded eigenvalues is con-
stant ρ(ξ) = 1, the RMT predicts that the distribution
P (s) of nearest neighbor spacings sk = ξk+1 − ξk is ap-
proximately given by the Wigner surmise [42]:
P (s) =
pi
2
s exp
(
−pi
4
s2
)
. (5)
Possible pair correlations in the eigenvalue spectrum
on scales larger than nearest neighbors can be revealed
with the use of variance of nξ(L), the number of eigenval-
ues in the interval of length L around eigenvalue ξ. This
number variance [42] is given by:
Σ2(L) = 〈(nξ(L)− L)2〉. (6)
If the eigenvalue spectrum is poissonian the number vari-
ance is Σ2(L) ∼ L, while real, symmetric random matri-
ces exhibit correlated spectra for which RMT predicts
Σ2(L) ∼ logL [42].
Previous work using RMT in different systems, e.g.
on statistics of energy levels of complex quantum sys-
tems [42, 43] or correlations in financial markets [46]
identified that a bulk of the eigenvalue spectrum agreed
with RMT predictions, which suggested a large degree of
randomness in the measured cross-correlations in these
systems. Only a small fraction of typically a few per-
cent of eigenvalues were found to deviate from universal
RMT predictions and were instrumental to identify sys-
tem specific, non-random properties of the observed sys-
tems and yielding key information about the underlying
interactions. In biological systems, RMT has been used
to filter out critical correlations from data-rich samples
in genomic, proteomic and metabolomic analyses [47, 48],
as well as in brain activity measured by EEG [49]. While
eigenvalue spacing distributions showed agreement with
RMT predictions, the number variance distributions of-
ten display deviations pointing to the physiologically rele-
vant reduction in correlated eigenvalues fluctuations with
partially decoupled components transiting towards Pois-
son distribution [49]. Such transitions have also been
used as an objective approach for the identification of
functional modules within large complex biological net-
works [47]. Additionally, as for protein-protein inter-
actions in different species, these latter deviation from
3RMT predictions has been interpreted as an evidence to
support the prevalence of non-random mutations in bio-
logical systems [48].
In this paper we used the RMT approach to test the
cross-correlations in the cytosolic Ca2+ oscillations un-
der non-stimulated and glucose stimulated conditions.
We demonstrate that statistical properties of cross-
correlations based on functional multicellular imaging
data follows those predicted by RMT, with both high-
and low-end deviating eigenvalues, suggesting local as
well as global modes driving this correlation in functional
islet. In addition, our results show that the long range
correlations in eigenvalue spectrum deviate in a stimulus
dependent manner.
DATASET DESCRIPTION
We define beta cell collective activity to sense nutrients
and produce metabolic code as the relevant constraining
context for the physical outcomes of analysis ([28, 50]).
Our data consist of Ca2+ activity recorded by multicellu-
lar imaging on islets of Langerhans from fresh pancreatic
slices. We used raw data for each calcium signal, but
we detrended the signals to remove possible sources of
spurious correlations due to systematic slow variations
caused by the imaging technique. A common problem
in the analysis of fMCI Ca2+ signals in living tissue is
selection of regions of interest corresponding to a true
signal originating from a cytosolic area of an individual
cell and not two or more neighbouring cells. In practice
the reproducibility of the results depends on the level
of experience of the operator to subjectively recognize
structure from the patterns of activity. While we are pri-
marily interested in the activity of a large population of
cells, their interactions/correlations and their collective
response, it is crucial that this signals originate from re-
gions of interest that correspond to individual cells. Col-
lectives of cells, like beta cells in the islet of Langerhans
are densely packed structures, where extracellular space
and the cell membrane represent a relatively small to neg-
ligible cross-section area on the image of two-dimensional
optical section obtained by confocal microscopy. There-
fore we decided to avoid the aforementioned subjectivity
issue by the random sampling of pixel level signals in the
recorded time series. For this analysis we randomly se-
lected N = 4000 signals out of the complete dataset of
256x256 signals each M = 23820 timesteps long (about
40 minute recordings at 10 Hz resolution). Glucose con-
centration was changed during the recording from 6 mM
(lasting about first 5000 timesteps) to 8 mM and back
to 6 mM (approx. last 5000 timesteps) near the end of
experiment.
The source of correlations in a cell population where
the terminal action is a calcium-dependent process (e.g.
exocytosis of insulin in beta cells) are the individual
events in a form of plasma membrane ion channel or
transporter activity, internal membrane ion channel or
transporter activity, as well as calcium leak from ac-
tivated immediate neighboring beta cell ([51]). The
correlations between the activities of beta cells depend
strongly upon the glucose concentration([21, 24]), how-
ever in the physiological plasma glucose range (6-9 mM),
most correlations are weak([28]), so that the probability
of detecting co-activation basically equals the product
of the probabilities of activities of individual beta cells.
The correlations are statistically significant for almost all
pairs of immediate neighbors.
RESULTS
The distribution of correlation coefficients reveals that
most of the correlations are weak, but there is also non-
negligible contribution of highly correlated pairs of sig-
nals (Figure 1, left, black outer line). We also checked the
sampling procedure by comparing the computed distribu-
tion of distances between pairs of randomly chosen points
from 256x256 image square to the analytical probabil-
ity distribution of distances between two random points
in a square [52] (Figure 1, right). We found a perfect
match between the distance distribution computed from
data and the theoretical distribution, confirming that our
random sampling of data points was non-biased.
Guided by the observed non-gaussian nature of corre-
lation distribution (Figure 1, left) we explored a detailed
structure of the correlation matrix, since distribution of
correlation coefficients only partially hints to the nature
of cell to cell coordination. To this end we computed
the eigenvalues and eigenvectors of the correlation matrix
(Eq. 2) and compared the obtained eigenspectrum with
the RMT prediction. In Figure 2 (top left) we show the
distribution of eigenvalues that belong to the empirical
correlation matrix (black trace) and the RMT prediction
(red line) given by Eq. 3. While most of the eigenvalues
falls within the limits λ± of the RMT spectrum, there
are also significant deviations from RMT prediction. We
found the largest empirical eigenvalue λmax two orders
of magnitude away from the upper limit of the RMT
spectrum, and also a part of the empirical spectrum that
extends below the lower RMT limit. To see if the devia-
tions from the RMT are inherent to the measured Ca2+
signals, we prepared a surrogate dataset by randomly
shuffling each signal’s time series. We then computed
the correlation matrix and its eigenvalue spectrum from
randomized surrogate dataset. As shown in Figure 2 (top
right), the match between the eigenvalue distribution of
randomized dataset and RMT is perfect.
Previous RMT analysis of stock correlations in finan-
cial markets consistently showed [46, 53, 54] that the
distribution of components of the eigenvector umax cor-
responding to largest eigenvalue λmax strongly deviates
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Figure 1. (left) Correlation coefficient distribution of N = 4000 Ca2+ signals randomly chosen from experimental dataset
(outer, black line). Dashed blue line is the distribution of correlations between residuals after removing the influence of the
largest eigenvalue in signals. (right) Distribution of distances between signals randomly chosen from Ca2+ imaging data. Black
line is the experimental data, thinner red line is the theoretical distribution of distances between random points in a square [52].
from Gaussian form, suggesting that this mode reflects
the collective response of the system to the stimuli. In
our case this corresponds to collective response of beta-
cells to glucose stimulus. In a linear statistical model
for Ca2+ signals, we model the response common to all
beta-cell with Y (t) and the signals are expressed as:
yi(t) = ai + biY (t) + δyi(t), (7)
where δyi(t) is the residual part of each signal. Coeffi-
cients ai, bi are obtained by regression. Following [46] we
approximated the common response Y (t) with the pro-
jection of all signals on the largest eigenvector:
ymax(t) =
N∑
i=1
ui(λmax)yi(t), (8)
where umax,i is the i-th component of the eigenvector
corresponding to largest eigenvalue λmax. To see the in-
fluence of the collective response to the distribution of
correlation coefficents, we computed using Y = ymax the
residuals δyi(t) for all N signals and their correlations
Cres(i,j) = Corr(δyi, δyj). The dashed blue line (inner
trace) on Figure 1 (left) shown the distribution of Cres
and reveals that the collective response predominantly
contributes to large correlations.
To test further if the largest eigenvalue and the
corresponding eigenvector capture the collective cal-
cium response we compared the average signal y(t) =
1/N
∑
j yj(t) with ymax. The correlation between sig-
nals projected on the largest eigenvalue mode and mean
signal was high: Corr(ymax, y) ≈ 0.8, confirming the ex-
pectation that the largest eigenvalue represents collective
effect. Similarly, we checked how similar are the signals
corresponding to the bulk RMT eigenvalues:
ybulk,i(t) =
N∑
j=1
uj(λi)yj(t), (9)
where λi is the eigenvalues from the RMT interval
[λ+, λ−]. The computed correlation between signals pro-
jected on bulk eigenvectors and mean signal, averaged
over all signals was < Corr(ybulk,i, y) >= −0.0044 ±
0.0047 suggesting no correlation between the mean sig-
nal and signals coming from the bulk RMT regime. To
further characterize the eigenvector structure of the em-
pirical Ca2+ correlation matrix, we looked at the inverse
participation ratio (IPR) of eigenvector u(λ) correspond-
ing to eigenvalue λ defined as [46, 54]:
I(λ) =
N∑
j
(uj(λ))
4
. (10)
The value of 1/I(λ) reflects the number of nonzero eigen-
vector components: if an eigenvector consist of equal
components u(λ)i = 1/
√
(N) then 1/I(λ) = N , in other
extreme case 1/I(λ) = 1 when an eigenvector has one
component equal to 1 and all others are zero.
Figure 2 (lower left) shows the computed values of IPR
for all eigenvectors as function of corresponding eigen-
value. The red datapoints are the IPR data computed for
the surrogate, randomized timeseries data for which we
found 1/I ∼ N as expected. We found similarly values
1/I ∼ N for the largest eigenvalues of the empirical spec-
trum (black datapoints) suggesting that to this eigen-
vectors almost all signals contribute. Deviations from
flat RMT prediction at the edges of the RMT spectrum
([λ+, λ−] interval, vertical dashed lines) with large I(λ)
values suggests that these states are localized with only a
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Figure 2. (top left) Probability distribution of eigenvalues of the empirical correlation matrix for N = 4000 randomly picked
signals (black solid line) compared to the distribution of eigenvalues of random correlation matrix of the same size (red solid
line). (top right) Probability distribution of eigenvalues of the surrogate correlation matrix constructed from shuffled empirical
values (black solid line) compared to the random correlation matrix of the same size (red solid line). (bottom left) Inverse
participation ratio plot of eigenvalues showing a random band matrix structure of C with large IPR values at both edges of the
eigenvalue spectrum. The dashed vertical lines show RMT bounds. The IPR spectrum for randomized correlations is shown
in red. (bottom right) The fractional rank plot of the entire spectrum of eigenvalues (open dots). For comparison we added
the same plot of eigenvalues of correlation matrix computed from randomized data (open squares). The full line shows the
fractional rank plot of eigenvalue spectra obtained from distribution given by eq. 3. The shape of the distribution of large
eigenvalues points to a scaling relationship.
few signals contributing. This points to a complex struc-
ture of the empirical correlation matrix C with coexisting
extended and localized eigenvectors similar to one found
in correlations in financial markets [46, 54]. In addition,
as shown in Figure 2 (lower right, open dots), we observe
a scaling behavior in rank-ordered plot of eigenvalues
of empirical correlation matrix that has been connected
with a fixed point in renormalization group sense [55, 56].
For comparison, we plot also the rank-ordered eigenval-
ues of randomized data (open squares) and RMT predic-
tion based on eigenvalue density given by Eq. 3 (full line)
which perfectly describes the randomized dataset. The
observed scaling of eigenvalues hints towards the critical
behavior that was conjectured for beta-cell collective at
the transition from glucose non-stimulated to stimulated
phase (from 6 mM to 8 mM) [37].
To explore the statistical differences of signals in non-
stimulated and stimulated phase, we separated the origi-
nal data into two groups of N signals each with M = 104
timesteps corresponding to response to 6 mM and 8 mM
glucose stimuli. For each group we computed the un-
folded eigenvalue spectra and also for randomized data.
The results for the nearest-neighbor spacing and number
variances are shown in Figure 3. For nearest-neighbor
spacing distribution we find a good agreement with the
RMT prediction both, for non-stimulatory and stimula-
tory conditions, as well as shuffled stimulated data. All
three datasets are well described with the Wigner surmise
(Eq. 5), so nearest-neighbor spacing does not seem to be
sensitive to stimuli changes. On the other hand, how-
ever, the number variance is sensitive to stimuli change
already during physiological stimulation of the beta-cell
collective. The random matrix prediction is in this case
valid for shuffled stimulated data only (Figure 3, right).
DISCUSSION
The unique spatio-temporal resolution of functional
multicellular imaging and sensitivity of advanced sta-
tistical approaches for a plethora of different modes of
complex network scenarios and levels of criticality, makes
these approaches a method of choice to assess the nature
of cell-cell interactions under different stimulation condi-
tions. At the same time it enables us to test the validity
of experimental designs for study of beta cell function,
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Figure 3. (left) Nearest-neighbor spacing distribution of empirical correlation matrix eigenvalues of calcium signals in
non-stimulatory and stimulatory regime. Open squares: shuffled, randomized data; open dots: 8 mM glucose; crosses
6 mM glucose; full line Wigner surmise (eq. 5). (right) Number variance of eigenvalue spectra of calcium signals.
Open squares: shuffled, randomized data; open dots: 8 mM glucose; crosses 6 mM glucose; full line RMT prediction
Σ2(L) = 1/pi2
(
log(2piL) + 1 + γ − pi2/8) [42]; dashed line Poissonian limit Σ2(L) = L
.
primarily in the domain of stimulation strength and dy-
namics. We suggest that without such validation the
most critical events in the activation chain within the
beta cell collective have been and shall be overlooked
or misinterpreted (Stozˇer et al., current issue). The pre-
dominant use of supraphysiological glucose concentration
can namely severely deform the relatively slow beta cell
recruitment in a collective at physiological glucose con-
centrations [19, 29] and miss the typically segregated net-
work clusters of Ca2+ events [24, 57, 58], turning critical
behavior into disruptive supracritical activity [37]. Only
under rather narrow physiological conditions it shall be
possible to extract the fine structure of cell-cell inter-
actions causing long-term and efficient cell collaboration
with the collective. Breaking apart this delicate structure
of cell-cell interaction does result in a massive activity,
which can be readily described by tools of physics, but
this activity does not necessarily serve its physiological
or biological purpose [50].
A common denominator of the previous attempts
to categorize different beta cell types points to some
metabolic and secretory features that can be either re-
produced between different classifications or not. Usually
there exist a bulk of one subtype and one or more less
frequent subtypes [9]. These less frequent subtypes can
nevertheless have important regulatory roles that may
not be immediately apparent. This issue is particularly
critical if the frequency of a beta cell subtype represents
only a couple of percent of the entire beta cell population
in an islet. Along these lines there have been some in-
dications regarding the beta cell subtypes that can serve
as pacemakers or hubs within a dynamic islet cell net-
work [25, 59], however due to the nature of complexity
of network features, we may still be short of evidence for
definitive conclusions. The full description of heterogene-
ity of endocrine cells within an islet, ultimately produc-
ing a adequate release of hormones is therefore still lack-
ing. In trying to grasp this complexity, it is important to
take into account interaction of beta cell collectives with
other cell types in and around an islet, like glucagon-
secreting alpha cells [17, 60] or somatostatin secreting
delta cells [61] as well as neurons and glial cells [62], but
also endothelial, immune cells [10], as well as acinar and
ductal cells [63].
Random matrix theory is a fitting mathematical frame-
work which provides powerful analytical tools to sep-
arate cell-cell interactions happening by chance from
those produced by specific coordinated interactions after
a changed chemical composition of cell´s surrounding. In
the financial sector, adequate asset allocation and port-
folio risk-estimation can lead to a higher profit and is
therefore clear why it makes sense to invest time into
cross-correlation analyses [46]. But what would be the
gain of knowing that randomness of cell-cell correlation
matrices is physiologically regulated? Firstly, we suggest
that the analysis of the universal properties of empirical
cross-correlations is a valuable tool to identify distinct
types and further subtypes of endocrine cells within an
islet through their non-local and local effects. The largest
eigenvalue of C namely represents the influence of non-
local modes common to all measured Ca2+ fluctuations.
Other large eigenvalues can be used to address cross-
correlations between cells of the same type, cells with spe-
cific functions in the collective or that these cells reside in
topologically similar area of the islet. Quantifying corre-
lations between different beta cells in an islet is therefore
7an exciting scientific effort that can help us understand
cell communities as a complex dynamical system. Our
results show that the number variance reflecting the cor-
relation between L subsequent eigenvalues (a measure
for long range correlations in eigenvalue spectrum) fol-
lows the RMT predictions up to a certain distance L,
however at larger distances it starts to deviate in a stim-
ulus dependent manner, suggesting structural features in
the beta cell network. Transitions between Poissonian
and symmetric matrices in biological systems have been
previously described during the process of either integra-
tion or segregation of complex biological networks, show-
ing various degrees of long range correlations at various
physiological conditions [47]. This understanding has a
vital practical value since it can help decipher different
roles that beta cells can play in a collective and to fur-
ther validate the importance, if any, of previously defined
and continuously appearing novel molecular markers of
beta cell heterogeneity [9–11]. An advanced knowledge
about the dynamic properties of the functional cell types
will shed a new light into understanding of physiolog-
ical regulation of insulin release and the assessment of
perils of stimulation outside of the physiological range.
Furthermore, it can help us elucidate the mechanisms
on how this function changes during the pathogenesis of
different forms of diabetes mellitus and lead us to novel
approaches of therapy planning and prevention.
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